Due to the rapid development of IoT(Internet of Things) technology, traditional taxis are connected through dispatchers and location systems. Typically, modern taxis have embedded with GPS(Global Positioning System), which aims for obtaining the route information. By analyzing the frequency of taxi trip events, we can find the frequent route for a given query time. However, a scalability problem would occur when we convert the raw location data of taxi trip events into the analyzed frequency information due to the volume of location data. For this problem, we propose a NoSQL based top-K query system for taxi trip events. First, we analyze raw taxi trip events and extract frequencies of all routes. Then, we store the frequency information into hash-based index structure of MongoDB which is a document-oriented NoSQL database. Efficient top-K query processing for frequent route is done with the top of the MongoDB. We validate the efficiency of our algorithms by using real taxi trip events of New York City.
Introduction 1)
The transportation system is one of the fundamental needs for people in many big cities since millions of These positioning techniques allowed us to collect and accumulate location data of the movement histories of taxi trips. Various meaningful information could be extracted by analyzing this data. For example, in [2] , the researchers try to convert urban taxi data into information with insights into many different aspects of city life. To detect hot spots in urban cities [3] , other applications of traffic managements trace and track the taxi trip events. In this regard, we are also interested in finding frequent routes of taxi trip events. This is done by designing a top-K query processing system for taxi trip events.
We will face a scalability problem with a single machine's storage and local computation power due to the huge volumes of taxi location data. For example, daily GPS trace data of taxicab in a Chinese city is about 450GB for 6 months [4] . The MapReduce framework becomes the de facto standard for distributed processing of huge datasets. Thus, we will propose distributed analytic algorithms executed across multiple machines.
Since extracting the frequent information needs to scan all dataset, the MapReduce framework is suitable for this process. However, it needs an efficient query processing to provide answers for various user requests. Thus, we propose to use a MongoDB database, a document-oriented NoSQL database, is suitable for processing users' requests.
In this paper, we propose a top-K query processing system for handling taxi trip events. This system is a combination of MapReduce and NoSQL database technologies. We can extract the frequent routes by analyzing taxi trip events and store them into a hash-like index. We group trip events for each minute during the MapReduce. A user requests his interest by specifying the time and duration at the top of MongoDB. Then, he can obtain the frequent routes corresponding to the query time and duration.
The remainder of this paper will be organized as follows : Section 2 presents related research work. Section 3 explains the background of our study, the data description and geographic assumption. In Section 4, we present how to extract the frequent route information and process the top-K query by combining MapReduce and NoSQL technologies. We shall report the experiment results in Section 5. Section 6 concludes the paper.
Related Work

Analyzing Taxi Trip Data
Many studies have been made for analyzing taxi service based on the real-time/historical location data.
GPS is becoming available widely as one of IoT (Internet of Things) devices. Hence, various research areas use GPS generated data for analyzing the location. In [5] , Island, Republic of Korea to design a pick-up pattern scheme of a taxi service [6] . They execute a k-means clustering procedure to group the taxi location variables and create its spatio-temporal pick-up frequency. A MapReduce programming model [7] is applied for solving traffic problems since the real GPS traffic data is a large-scale dataset in nature.
MongoDB
The traditional relational database is widely used for storing and querying structured data. Also, another kind of technology is NoSQL database, which has standout scalability and availability [8] . Recently, NoSQL databases get high.
There exists a study which attempts to use NoSQL database to replace the relational database [9] . The authors try to compare the two database system : (1) MySQL [10] as RDBMS and (2) MongoDB [11] as NoSQL database. At this work, the researchers enter 100,000 textbooks information 
MapReduce Framework
MapReduce is a programming model with a distributed algorithm for processing large datasets [13] . As shown in 
Preliminaries
Taxi Trip Data Description
The taxi trip data is based on a data set released under the FOIL(The Freedom of Information Law) and made public by Chris Whong [14] . This raw data reports the taxi trip events based on geospatial data streams from New York City. The total size of data is approximately 12GB for the whole year 2013 containing about 173 million events.
Each event consists of 17 attributes including a location, timestamps for pickup and drop off, payment information and so on. For our research, we will use 5 attributes as shown in Fig. 2 : dropoff-time, pickup-longitude, pickuplatitude, dropoff-longitude and dropoff-latitude.
Definition of The Route
The problem we would like to challenge is the identification of recent frequent routes. In other words, the goal of our study is finding top-K frequent routes for the given query time and duration. The query time consists of end-time, last T minutes, and the number of frequent routes (K). The start-time is automatically computed as the time before T minutes from the end-time.
Taxi trip events during T minutes could be categorized into two cases as shown in Case 3 : the pickup time is after the start-time of the query whereas the drop-off time is after the end-time. In our study, we will consider the case 2 equally with case 1 regardless of pickup-time, since the case 1 is finished before the end-time of the query. Unlike this the case 3 For defining a route of a taxi trip, we first need the cell identifiers of pickup/drop-off locations from coordinates.
We assigned coordinates of pickup/dropoff locations to grid cells for New York City due to the length and complexity of geospatial data. We assume that a simplified flat earth for mapping coordinates. The number of the grid cell is 300*300 and the size of each cell is 500 by 500 meter. The total size of the grid cell is the square, the length of one side is 150KM. Each cell has an identifier of a pair (i, j)
where i and j represents the row number and column number respectively. The left top of initial cell, which of identifier is (1, 1), is located at (41.46691978, -74.911343) in geographic coordinates, longitude and latitude [15] . The identifier for the cell grid increase towards the east and south bound. The shift to east could be an increment in i, and the shift to south could be an increment in j. Due to the flat earth assumption, the i and j value of an identifier pair will be increased/decreased as 1 when 0.005986 degrees in longitude and 0.004491556 degrees in latitude is occurred respectively. In this regard, we map coordinates to grid cells for New York City, we can compute the identifier for coordinates. 
The Proposed System
In this section, we shall describe the architecture of the proposed system and distributed approaches for finding top-K frequent routes.
Overall Architecture
Fig . 5 shows the overall system architecture. We use two phases for obtaining top-K frequent routes from taxi trip events. The pre-processing phase groups taxi trip events for each minute based on MapReduce algorithms. The output of MapReduce algorithms is a hash-based index structure and stored into a MongoDB document store. At the query processing phase, a user submit his interest to the system by specifying parameters and obtains the top-K frequents routes.
For implementing a distributed top-K query system, there might be two strategies. The first approach is to implement all algorithms using only the MapReduce framework. The result of this approach is all outputs for top-K frequent route with range time T. One of the limitations of this approach is too much duplicate data generated by map/reduce functions as shown in Fig. 6 . For example, a user wants to get top-10 frequent routes during 10 minutes from any specified time. The map function duplicates all input data several times which corresponds to the range of 10 minutes interval. Since the taxi trip data in one minute can be included several time ranges, the same data can be copied T times. The reduce function aggregates the duplicated data for the same query time.
Another disadvantage is that we need to implement map/reduce functions for all user queries. User can request different time ranges T and/or the number of frequent routes K. We need to implement map/reduce functions for all ad-hoc queries. However, this is very hard and not feasible in the MapReduce framework.
The second approach, which we adopt in this paper, is to use the MapReduce for the pre-processing step and the MongoDB document store for the query step. This approach overcomes the drawbacks of the previous one.
The advantage using this approach is we only need to run MapReduce once for generating hash-based index structures to group taxi trip events by unit time. This output of MapReduce would be stored into MongoDB.
The MongoDB will work for the query processing. Users request queries with various parameters in fast time with efficiency of MongoDB.
Data Structure
We will maintain a hash-based index structure for retrieving top-K frequent routes efficiently. The unit time (one minute interval) is hashed in the index. Each hash bucket maintains a list of (route, frequent) pairs. A pair of (pickup cell id, drop-off cell id) represents the route as explained before. How to use this index is described when we explain the query processing step.
The Pre-processing Step
We will process taxi trip data with the MapReduce framework due to the huge volume of the data. The map phase takes the taxi trip events in New York City for the whole year 2013 and generates key-value pairs where the key is a unit time meaning for dropoff-time and the value would be the whole route for the unit time. For easier computation of the frequent route, we store the frequency counter to the route information.
Algorithm 1 describes the map function. Each line of the input document d has 17 attributes; however we deal with only 5 attributes: dropoff-time, pickup-longitude, pickup-latitude, dropoff-longitude, dropoff-latitude. After read a line, we initialize pp as pickup position and dp as drop-off position. The position consists of values of longitude and latitude. We will generate a triple tr which consists of dropoff-dt dt, pp, dp from the input event line. The dt is dropoff-time of the event. Then, we obtain the route r by getting the grid cell identifiers for pickup/drop-off locations. We round up the time dt to the nearest minutes for grouping each event to one minute unit time. Finally, the key of the output becomes dropoff-dt dt which is rounded up and the value of output becomes a pair of route r and 1 as frequency.
Fig. 8. Query Processing Flow
Algorithm 2 explains the reduce function which takes the ordered and grouped data. We initialize a hashmap hm whose key is the route and the value is the frequency of that. The elements of hm is the aggregation of the frequency for each route. After aggregation, we emit a pair (dt, hm) as final output of the pre-processing step.
The query processing step
The top-K frequent query processing is explained in Algorithm 3. A user query includes three parameters : (1) an end time Q (2) a number of frequent routes K (3) a duration T. The start time st of the query is automatically calculated extract T minutes from Q. Then, MongoDB searches the hash-based index is done by using start time and end time. Each bucket of index contains the list of pairs. When we find the pair, we insert it into the candidate priority queue. The queue automatically maintains K elements. Finally, the elements of the queue are returned to the user. Fig. 8 shows an example of the query processing. As an exceptional case, a user specified the query time as non-rush hour time such as midnight. In this case, the total number of frequent routes is less than the value of K. We decide to add "NULL" to the last frequent route if the number of frequent is less than "K".
Experimental Evaluation
In this section, we will present an experimental evaluation of the performance of the proposed system. Experimental results with real world datasets of New York City demonstrate the feasibility and efficiency of our system.
Experimental Setup
The experiments are conducted on the top of a Hadoop We used the 2013 data of New York City's taxi trip data from FOIL [14] . The size of each month and total size is about 1 GB and 12GB respectively.
Our target query is finding the top-K frequent routes during the last T minutes. Thus, a user query includes two parameters : K and T. The value of K corresponds the number of routes which will be returned to the user and the value of T means the duration from the given query time to search the routes. We randomly choose 10 the dates for the queries 10 and execute them for the experiment. The reported execution time is the average value.
Experimental Results
In this subsection, we describe the experimental results of our system which is a combination of a MapReduce framework and MongoDB NoSQL database.
The experiments are conducted in two steps : a preprocessing step and a query processing step.
1) Pre-Processing Phase : In this experiment, we measured the execution time for pre-processing phase, which extracts frequent routes information from raw taxi trip events.
Since our approach is implemented in a distributed way, we first fixed the size of data to 12 months and varied the number of nodes. Fig. 9(A) shows the result.
As expected, we observe that the distributed approach in multiple nodes can achieve a scalable ability to handle huge volumes of data efficiently. The running time of 5 nodes is almost half of that of 2 nodes.
Next, we fixed the number of node to 4 and varied the data size by increasing months in steps of 3 months. As shown in Fig. 9(B) , the execution time increased with the data size. The months of data related with the size of data and are one of key factors for performance. b) Last T Minutes : In this experiment, we measure the execution time by varying the length of duration specified by T minutes. We fixed the value of K to 30, randomly chose a query time 10 times and compute the average running time. The duration T varied from 30 to 150 in steps of 30. Fig. 11 shows the result. As expected, the execution time linearly increased with the value of T since we need to check more hash buckets for computing frequent routes. c) Distributed query processing : In this experiment, we also measure the execution time by varying the number of nodes to see the effects of the number of nodes. We created 2, 3, and 4 nodes for sharding clusters of MongoDB and set the value of K to 100 and the duration is 60 minutes. The hash-based index is separated based on drop-off time. Fig. 8 shows the result of experiment. Due to the efficiency of the hash-based index, the running time does not have much correlation with the number of nodes.
Conclusion
In this paper, we designed and implemented a top-K query processing system for IoT generated taxi trip events. We adapt the MapReduce for extracting frequent routes from raw taxi trip data and the MongoDB NoSQL database for processing top-K queries. Experimental results show that our system supports the top-K queries efficiently with real taxi data of New York City. We believe that the proposed system could also track a large number of vehicles in modern urban areas due to its distributed processing.
